contractility of cardiomyocytes. These pathways in cardiac muscle cells are highly conserved across all vertebrates, which explains the common, canonical crude oil toxicity syndrome observed in a diversity of fish species from habitats that range from tropical freshwater (zebrafish) to boreal marine (herring).
In conclusion, the oil-induced disruption of cardiomyocyte repolarization via K + channel blockade and sarcolemmal and SR Ca 2+ cycling should call attention to a previously underappreciated risk to wildlife and humans, particularly from exposure to cardioactive PAHs that are also relatively enriched in air pollution. I Kr inhibition by DWH crude oil from the MC252 well was robust, and its properties are consistent with direct channel pore block. These K + channel targets and their unique gating properties play a critical role in cardiac action potential repolarization and are highly conserved across the animal kingdom (20) . These results lead us to believe that PAH cardiotoxicity was potentially a common form of injury among a broad range of species during and after the DWH oil spill. The early life stages of fish and other vertebrates may have been particularly vulnerable, given that even a transient and sublethal effect of PAHs on the embryonic heartbeat can cause permanent secondary changes in heart shape and cardiac output (32) . Moreover, the underlying ion channel currents that drive the electrical properties of cardiomyocytes in tunas and mammals (such as heart rates), are similar (26, 33) . Thus, we suggest the extension of our current oil toxicity results to mammalian, cardiomyocytes may be warranted to better understand PAH threats to human health. (4) (5) (6) (7) and is based in many cases on indirect association of function with cell-surface markers (5) (6) (7) (8) . Perhaps the best understood model for cellular differentiation and diversification is the hematopoietic system. The developmental tree branching from hematopoietic stem cells toward distinct immunological functions was carefully worked out through many years of study, and effective cellsurface markers are available to quantify and sort the major hematopoietic cell types. Even in this well-explored system, however, it is becoming increasingly difficult to explain modern genomewide and in vivo data with refined cell types' hierarchy and functions that extend beyond the classical myeloid and lymphoid cell types. For example, dendritic cells (DCs) are antigen-presenting cells that were originally characterized through their morphology (9) but are now understood to represent a highly heterogeneous group (10) with multiple functions, regulatory circuits, and phenotypes (6, 7, 9) . Despite considerable efforts and progress by use of the marker-based approach, much of the known functional heterogeneity within the DC group is not truly compatible with any of the DC subclassification schemes (6, 7, 11) . Such lack of definitive models for cell types and states is common in many fields of biology.
An attractive alternative to marker-based cellular dissection of complex tissues is to characterize in vivo cell-type compositions through unsupervised sampling and modeling of transcriptional states in single cells. This natural approach was so far difficult to implement because of many technical limitations that are being progressively alleviated with the advent of single-cell RNA sequencing (RNA-seq) (12) (13) (14) (15) (16) (17) (18) (19) (20) . Sampling and sequencing RNA from dozens of single cells was recently used to estimate stochastic transcriptional variation in stationary cultured cells (14) or during a dynamic process (12-14, 16, 19 ). An unsupervised framework for dissecting transcriptional heterogeneity within complex tissues may therefore be envisioned, provided that many thousands of cells can be assayed routinely by using single-cell RNAseq and that data from such experiments can be normalized and modeled effectively even when cells represent highly diverse cell types and states.
We developed an automated massively parallel RNA single-cell sequencing framework (MARS-Seq) (figs. S1 to S6) (21) (table S1) , focusing initially on a heterogeneous cell population enriched for expression of the CD11c surface marker. We hypothesized that this strategy for cell acquisition will sample a diverse collection of splenic cell types while focusing on the challenging DC populations (6, 7). Our methodology uses three levels of barcoding (molecular-, cellular-, and plate-level tags) to facilitate molecule counting with a high degree of multiplexing. The strategy is to characterize cell subpopulations first by classifying single cells on the basis of low-depth RNA sampling and then studying transcriptional profiles at high resolution by integrating data from dozens to hundreds of cells within each unsupervised class. As shown in Fig. 1A , multiplexing 1536 cells in one sequencing lane provided an average of 22,000 aligned reads per cell, and after extensive normalization, these can be used to unambiguously define 200 to 1500 distinct RNA molecules from each cell. Our labeling and filtering scheme ensures that spikedin technical controls show cell-to-cell variance that is compatible with the theoretical (binomial) sampling noise, comparing favorably with previously reported techniques (Fig. 1B) (18) . This technical stability substantially increases the information content of the sampled transcriptional states, which can be directly modeled as unbiased samples of the cells' mRNA pool. In contrast to technical spike-in controls or the bulk of detected genes, we observed high cellular variance for a large number of genes, many of which are well known cell type-specific markers, suggesting that this attests for the high degree of heterogeneity within the splenic cell population (Fig. 1B) and promoting the idea of classifying cells into subpopulations on the basis of covariation of such heterogeneous markers. To test how sensitive our strategy can be for characterizing the transcriptional state of subpopulations in the sample, we estimated coverage and mean mRNA molecule count reproducibility for groups of 10 to 40 single-cell profiles, representing 0.6 to 2.4% of the cells on one sequencing lane. Analysis of single-cell mRNA profiles from FACS-sorted plasmacytoid DCs (pDCs) (Fig. 1C  and fig. S6 ) confirmed that pooling of homogeneous cell populations provides rich and highly reproducible transcriptional profiles. For a subpopulation at a frequency of 2.5%, the assay report on 1255 genes with a standard deviation of less than 35% of the mean, and on 324 genes with a standard deviation of 20% of the mean. Together, the availability of high-variance marker genes and the dynamic range provided by pooled single-cell transcriptional profiles enable unsupervised dissection and characterization of heterogeneous cell populations, opening the way for ab initio celltype decomposition of splenic populations at a high level of detail.
We have implemented a probabilistic strategy for unsupervised classification of cells into "idealized types." Hierarchical clustering ( Fig. 2A) defined seeds of highly correlated cells, leading to the initialization of a probabilistic mixture model and classification of single cells into types or families of homogeneous states. Visualization of the multiclass data by using a new circular a posteriori projection technique (Fig. 2B) represented the splenic cell population as a combination of several molecular behaviors, five of which (classes I to V) being distinctively separated from a group of more loosely defined classes (classes VI and VII). The frequencies of classes I to V range between 3.7 and 17%, allowing in all cases to infer rich transcriptional states through in silico pooling of singlecell mRNA profiles within each class. Analysis of gene enrichment (table S2 and figs. S7 and S8) and comparison of these profiles with existing transcriptional profiles of classical hematopoietic populations (www.immgen.org), unambiguously linked classes I to V to B cells, natural killer (NK) cells, macrophages, monocytes, and pDCs (Fig. 2C) . The remaining classes were all linked to DCs. FACS analysis using classical surface markers confirmed our in silico estimations of the frequency of B cells and pDCs within the CD11c-enriched splenic cell population ( fig. S9 ). Further analysis and additional single-cell quantitative polymerase chain reaction experiments confirmed that "marker" genes are robustly enriched in their relevant subpopulations (figs. S10 and S11). Using classical marker-based sorting, we further validated our approach with additional single-cell RNA-seq data from FACS-sorted B cells, NK cells, pDCs, and monocytes. Projection of the new data onto the model we generated from the splenic population showed remarkable compatibility between the traditional marker-based cell-type definition and the marker-free single-cell RNA-seq technique (Fig. 2D) . Analysis of splenic cell populations therefore showcased single-cell RNA-seq as a direct and unsupervised way for identifying and characterizing subpopulations within heterogeneous tissues.
We profiled additional 1536 single cells from spleens that were exposed to lipopolysaccharide (LPS) for 2 hours (22), aiming to test how an immediate response to an infection-mimicking stimulus can be deciphered across the heterogeneous splenic cell population. We found that the LPStreated cells are broadly classified into similar cell types to those observed in untreated cells, with some changes in the relative representation of different types (Fig. 3A) . Using the non-LPS mixture model, we classified the non-LPS and LPS-exposed cells into classes and inferred a rich transcriptional profile within each class before and after treatment. Clustering 1575 variable genes identified groups of cell type-specific response genes (such as Tnf and Marco in macrophages and Xcl1 and Gzmb in NK cells), and a large group of type I interferon response genes (Irf7, Stat2, Ifit1, Cxcl10, and hundreds more) activated pervasively in all or almost all cell types (Fig. 3B, fig. S12 , and tables S3 and S4).
With thousands of samples readily available, single-cell RNA-seq is poised to go beyond the classical cell-types hierarchies that are outlined by current marker-based approaches, examining complex relations between cell subpopulations or continuous spectra of types. Analysis of 1031 single cells that were associated with DC-related classes (VI and VII) in our unsupervised CD11c + model (Fig. 4A) indicated that although 15% of these cells (class DC1) are strongly linked together, the remaining bulk of DCs could not be organized along a clear clustering hierarchy (11) . Nevertheless, we found strong support for substantial internal organization within the remaining DC population (DC2 to DC4) (table S5), including a group of cells coexpressing Relb, Nfkbia, and additional associated genes (DC2) (fig. S13 ). More generally, we have identified several gene modules that represent combinatorial pathway activity within the DC bulk ( fig. S14 ), indicating that despite the lack of a clear hierarchy, the DC cell population is governed by a high degree of transcriptional organization. Additional single-cell sequencing of CD8 + CD86 + , CD8 int CD86 -, and CD4 + FACSsorted populations (Fig. 4B) showed that this organization can be approached to a limited extent with existing marker-based classification. Remarkably, exposure to LPS reorganizes the DC population substantially, with a large number of gene modules being activated in a highly heterogeneous fashion (Fig. 4C and fig. S15 ). According to our analysis, certain specific CD4 + DC subpopulations are activating the Irf4, tumor necrosis factor, and transforming growth factor-b pathways (fig. S16 and table S6), whereas other pathways (such as Irf7) are activated pervasively (table S5) . This combinatorial activity of pathways within the LPSexposed DC pool is not represented in preexisting DC subtypes according to our data. Committed and developmentally stable myeloid and lymphoid cell types maintain their identity during immediate response to infection while responding through generic and cell type-specific pathways. These pathways create substantial cell-to-cell variance and define new cell subpopulations within each of these cell types ( fig. S17 ), forming diversity that may have functional implications. Observation of transcriptional subpopulations, however, does not necessarily imply the existence of further committed and preprogrammed cell subtype hierarchy.
We presented this framework for broad sampling of single-cell transcriptional states from tissues and demonstrated how it can be used to dissect complex functions in a bottom-up fashion. MARS-seq can be readily applied to tissues and organs in normal and disease states to redefine their cell-type and cell-state compositions and link it to detailed genome-wide transcriptional profiling. Given the inherent stochasticity and heterogeneity of multicellular tissues, this approach can prove essential for understanding how in vivo biological function emerges from complex cell ensembles.
